Identifying the mechanism of action of new potential antibiotics is a necessary but time-consuming and costly process. Phenotypic profiling has been utilized effectively to facilitate the discovery of the mechanism of action and molecular targets of uncharacterized drugs. In this research, Raman spectroscopy was used to profile the phenotypic response of Escherichia coli to applied antibiotics. The use of Raman spectroscopy is advantageous because it is noninvasive, label free, and prone to automation, and its results can be obtained in real time. In this research, E. coli cultures were subjected to three times the MICs of 15 different antibiotics (representing five functional antibiotic classes) with known mechanisms of action for 30 min before being analyzed by Raman spectroscopy (using a 532-nm excitation wavelength). The resulting Raman spectra contained sufficient biochemical information to distinguish between profiles induced by individual antibiotics belonging to the same class. The collected spectral data were used to build a discriminant analysis model that identified the effects of unknown antibiotic compounds on the phenotype of E. coli cultures. Chemometric analysis showed the ability of Raman spectroscopy to predict the functional class of an unknown antibiotic and to identify individual antibiotics that elicit similar phenotypic responses. Results of this research demonstrate the power of Raman spectroscopy as a cellular phenotypic profiling methodology and its potential impact on antibiotic drug development research.
T he ability to quickly identify the mechanism of action and cellular target(s) of new antibiotic compounds is a critical development for antibiotic drug research. It is well established that antibiotic drug development is a time-consuming and costly process, and much of the difficulty originates in identifying the mechanism of action of putative antibiotic compounds (1, 2) . Identifying the mechanism of action of an antibiotic is difficult due to (i) the complexity and interdependence of the cellular system (3), (ii) the possible occurrence of multiple cellular targets (4) (5) (6) , and (iii) the possibility of pleiotropic effects (1, 3) . Determining the mechanism of action of putative drugs relies on affinity-based (direct) and phenotypic profiling (indirect) approaches (2, 7) . Direct approaches utilize affinity chromatography, expression cloning, protein microarray, and mass spectrometry to bind, isolate, and identify target protein(s). This approach is limited to compounds that can maintain sufficient binding affinity following immobilization, such that the target protein(s) can be isolated and identified (7) . The direct approach also suffers from nonspecific binding (2) . A more recent and increasingly popular direct approach for determining the mechanism of action includes selecting for resistant mutants and identifying the mutations by wholegenome sequencing (8, 9) . However, creating resistant mutants (not associated with efflux pumps or other generic cellular stress responses) can be challenging, and whole-genome sequencing remains expensive for the time being. Indirect approaches to determining the mechanism of action of putative drug compounds are based on the phenotypic response of a cell to a compound. With the indirect approach, the search for the mechanism of action is facilitated by comparing the phenotypic profile of a culture exposed to a putative compound to a database of phenotypic profiles resulting from culture exposure to well-characterized compounds. This provides associative information regarding the mechanism of action of the putative drug, including candidate molecular targets and plausible pathways (2, 10) . Phenotypes induced by various compounds can be profiled using the currently available profiling systems, including transcriptional-, proteomic-, metabolomic-, and cell imaging-based profiling. Detailed reviews of direct and indirect approaches to target identification are available in published literature (2, (5) (6) (7) . For example, transcriptional profiling, which is based on examining the genome-wide expression level of mRNAs in a given cell population, was successfully used to identify acetyl coenzyme A carboxylase as a molecular target of the natural product moiramide B (10) . This research elucidated the mechanism of action of moiramide B by examining the transcriptional profile of moiramide B-treated Bacillus subtilis against a database that included profiles resulting from treatment with 14 well-characterized antibiotics and profiles of mutants with downregulation of genes coding for known antibacterial targets (10) . Transcriptional profiling was also utilized to identify the heat shock protein 90 as the molecular target of the triterpenoid natural product gedunin, which exhibits antimalarial, insecticidal, and anticancer activity (11) . The researchers were able to generate testable hypotheses regarding the mechanism of action of gedunin by examining the transcriptional profile of gedunin-treated cells against a database containing profiles of cells exposed to 164 small molecules with known molecular targets (11) . Similarly, proteomic profiling provides a global view of the protein composition of the cell. This can be used to determine the mechanism of action of a novel antibiotic by comparing the pro-teomic profile of a cell treated with the novel antibiotic to that induced by well-characterized antibiotics (12) . For example, the proteomic profile of B. subtilis treated with the novel pyrimidinone compound Bay 50-2369 was found to be highly similar to the profiles induced by erythromycin, chloramphenicol, tetracycline, and fusidic acid. Because these antibiotics are known to directly or indirectly inhibit peptidyl-transferase activity, it was concluded that Bay 50-2369 inhibits peptidyl-transferase. In independent experiments, peptidyl-transferase was confirmed as the molecular target of TAN 1057 A/B, a natural compound structurally related to Bay 50-2369 (13) . Metabolomic profiling is based on comprehensive analysis of global metabolism and has been enabled by recent technological advances in the quantification of cellular metabolites (2, 7, 14) . Yu et al. (14) investigated the mechanism of action of Radix Tinosporae extract by comparing the metabolomic profile of treated Staphylococcus aureus to profiles induced by nine antibiotics with known mechanisms of action. Principal component analysis (PCA) of metabolomic profiles, obtained using high-performance liquid chromatography-mass spectrometry (HPLC-MS) data, revealed that the mechanism of action of Radix Tinosporae was similar to that of rifampin and norfloxacin (14) . Techniques for multiparameter imaging-based phenotypic profiling rely on high-throughput fluorescence microscopy (15) or morphological analysis (16) and have shown great promise in drug discovery research (2, 7) . For example, bright-field cell imaging coupled with nuclear staining was used to construct a library of morphological profiles for cancer cells exposed to 54 anticancer drugs with known molecular targets (16) . The library was then used with multivariate statistical analysis to identify the mechanistically unknown drugs NPD6689, NPD8617, and NPD8969 as novel tubulin inhibitors. Despite significant progress, current phenotypic profiling methodologies (i) require substantial time and material recourses, (ii) cannot be applied universally, and (iii) will require significant development to allow automated highthroughput analysis of drug targets (2) . In the present research, the use of Raman spectroscopy was investigated as an alternative phenotypic profiling technique. The Raman spectroscopy-based approach offers significant advantages over other phenotypic profiling methodologies, because it is (i) noninvasive, (ii) label free, (iii) prone to automation, and (iv) able to return results in real time during an experiment.
Analyzing cell phenotypes using Raman spectroscopy. Raman spectroscopy has been identified as a powerful tool for analyzing bacterial phenotypes due to its (i) sensitivity, (ii) short analysis time, and (iii) nondestructive nature (17, 18) . It has also been shown to be an effective tool for discriminating among several bacterial phenotypes (19) (20) (21) (22) and for in vivo metabolic analysis (17, (23) (24) (25) . Compared to the considerable volume of research published on applying Raman spectroscopy in biotechnology research, little has been reported on applying Raman spectroscopy in antibiotic drug research. Nonetheless, the relatively few articles published to date on the topic point to a significant potential for Raman spectroscopy to become a powerful tool aiding antibiotic drug research. First, it has been shown that Raman spectroscopy can distinguish between bacterial strains resistant and sensitive to a specific antibiotic (22, 26) . For example, Maquelin et al. (22) used Raman spectroscopy with an 830-nm excitation wavelength to analyze Enterococcus faecalis strains sensitive and resistant to vancomycin. Using multivariate statistical analysis, it was found that Raman spectroscopy data could discriminate between resistant and sensitive strains in vancomycin-treated samples. Walter et al. (26) showed that Raman spectroscopy, conducted using 244-and 532-nm excitation wavelengths, can differentiate E. coli cultures according to the presence of a plasmid containing an ampicillin resistance gene, even in the absence of ampicillin. The authors found the resulting Raman spectra contained spectral features suggesting higher lipid and RNA content and lower cytochrome content in E. coli harboring the plasmid. In addition, Raman spectroscopy has been used to monitor the metabolic state under antibiotic stress (18, (27) (28) (29) . For example, Neugebauer et al. (28) used Raman spectroscopy with a 244-nm excitation wavelength to track the ratio of protein to nucleic acids during the growth of Bacillus pumilus treated with ciprofloxacin. The use of the 244-nm excitation wavelength is known to enhance Raman bands specific to nucleic acids and protein building blocks (28) . Raman spectroscopy has been used with a similar excitation wavelength to study the effects of the protein synthesis inhibitor amikacin on Pseudomonas aeruginosa. As the concentration of amikacin was increased, the intensity of protein-related Raman peaks decreased, whereas the intensity of nucleic acid bands increased, consistent with the mechanism of action of amikacin (29) . Similar results were reported, as Raman spectroscopy was used to monitor the relative protein and DNA content of individual E. coli cells treated with cefazolin (18) . However, in this case, Raman spectra were acquired using a 785-nm excitation wavelength from individual, optically trapped, E. coli cells. This technique is often referred to as "laser tweezers" Raman spectroscopy (30) . Finally, it has been suggested that Raman spectroscopy could provide critical insight into the mechanisms of action of different antibiotics (27, 29, 30) . For example, Moritz et al. (30) used laser tweezers Raman spectroscopy to study the response of E. coli to penicillin G-streptomycin and cefazolin. The researchers identified Raman bands specific to the response of E. coli to cefazolin and/or penicillin G-streptomycin treatment and extended those to aminoglycosides and ␤-lactams in general. Although significant to the development of Raman methodologies for studying cell phenotypes, most existing studies have involved either one or two antibiotics. The ability of Raman spectroscopy to discriminate between greater numbers of antibiotic treatments has not been investigated to our knowledge. Furthermore, the experimental setups of the previously discussed studies all differed in significant ways, including the (i) bacterial species and strains used, (ii) methods of sample preparation, and (iii) excitation wavelength(s) used in the Raman spectroscopy analysis. This means that the available published studies should be considered individually, and observed changes in Raman spectra cannot be compared across the multiple studies. For a rigorous assessment of the ability of Raman spectroscopy to discriminate among bacterial phenotypes resulting from antibiotic treatment (so it can be used as a phenotypic profiling tool), multiple antibiotics must be examined with the same bacterial strain under identical experimental conditions, including excitation wavelength(s).
Raman spectroscopy-based phenotypic profiling. In this research, profiles of E. coli phenotypes resulting from treatment with 15 well-characterized antibiotics from four antibiotic classes were characterized using Raman spectroscopy analysis data obtained from dried culture samples. Using discriminate analysis of processed Raman spectral data, it was possible to distinguish among culture phenotypic profiles according to antibiotic function. In fact, the resulting Raman spectra contained sufficient biochemical information to distinguish between profiles induced by individual antibiotics belonging to the same class. In addition, a systematic study was conducted to evaluate the ability of Raman spectroscopy-based phenotypic profiling with discriminant analysis to predict the functional class of an unknown antibiotic compound with an uncharacterized mechanism of action. Results showed the ability of Raman spectroscopy to identify the functional class of the unknown antibiotic compound as well as the individual antibiotics that elicit a similar phenotypic response.
MATERIALS AND METHODS
Antibiotic treatments. The class designations for antibiotics used in this research (Table 1) are based on the overall effects on phenotype produced by each antibiotic according to known mechanisms of action (1) . For example, gentamicin, streptomycin, kanamycin, clindamycin, chloramphenicol, and tetracycline were grouped together as protein synthesis inhibitors (antibiotic class name "PROT" in Table 1 ). Gentamicin, streptomycin, and kanamycin are aminoglycosides that primarily inhibit protein synthesis by targeting the 16S rRNA component of the 30S ribosome subunit. Clindamycin (lincosamide) and chloramphenicol (amphenicol) also inhibit protein synthesis by targeting the 50S ribosome subunit. Tetracycline inhibits the 30S ribosome by blocking the access of aminoacyl tRNAs to the ribosome (1). Ciprofloxacin and nalidixic acid are quinolone antibiotics known to inhibit DNA synthesis (class name "DNA") by targeting DNA gyrase. Trimethoprim inhibits synthesis of tetrahydrofolic acid, which is needed by bacteria to synthesize DNA. Ampicillin, amoxicillin, and cefotaxime are ␤-lactams that inhibit cell wall (class name "CW") biosynthesis by targeting to penicillin-binding proteins involved in peptidoglycan synthesis. Rifampin, rifapentine, and rifaximin inhibit RNA synthesis (class name "RNA") by binding to the ␤-subunit of a DNA-bound and actively transcribing RNA polymerase. The MIC of each antibiotic used in this study required to inhibit growth of E. coli cultures was determined experimentally, as described below. These results are also listed in Table 1 .
Determination of MICs. E. coli Mach1 cells (Invitrogen Life
Technologies, Grand Island, NY) were grown and maintained at 37°C in Trypticase soy broth (TSB) or on Trypticase soy agar (BD Biosciences San Jose, CA). Antibiotic stock solutions (10 mM) were prepared by dissolving ampicillin, amoxicillin, tetracycline, chloramphenicol, clindamycin, rifampin, rifaximin, rifapeutine, trimethoprim, and nalidixic acid powders in dimethylsulfoxide (DMSO). Cefotaxime, kanamycin, gentamicin, and streptomycin were dissolved in water. Ciprofloxacin was dissolved in 0.1 N HCl. MICs were determined in triplicate using the broth microdilution method. The MIC is defined as the lowest concentration of antibiotic leading to no visible bacterial growth after 16 h.
Preparation of cultures for Raman spectroscopy analysis. E. coli Mach1 cells were grown in liquid Luria broth medium at 37°C, and cell growth was monitored by measuring the optical density at 600 nm (OD 600 ). The culture was grown to an OD 600 of 0.5 and then divided into subcultures. Antibiotics were added to the subcultures to a final concentration of three times the MIC (termed 3ϫ MIC). After 30 min, cells were harvested by centrifugation at 5,000 rpm for 1 min, discarding the supernatant. The cells were then washed three times with cold phosphate-buffered saline (PBS) to remove residual growth media. For each wash, the pellet was resuspended in 1 ml PBS and centrifuged for 1 min at 5,000 rpm. Finally, 0.5 l of the cell suspension was deposited on aluminum foil and dried at room temperature for subsequent Raman spectroscopy analysis. Raman spectra were collected from areas where E. coli cells formed a thin layer covering the aluminum foil surface.
Raman spectroscopy. Dried E. coli Mach1 cells were analyzed using a Bruker Senterra dispersive Raman spectrometer equipped with a confocal microscope (Bruker Optics, Billerica, MA). Measurements were carried out using a 10-mW, 532-nm laser focused through a 100ϫ objective. A spectral resolution of 9 to 15 cm Ϫ1 was used. The total exposure time was 15 s, which was found to be sufficient to obtain spectra with a good signalto-noise ratio without causing visible sample damage. Lengthy exposure of dried bacterial sample to high laser power may cause graphitization, which dominates the Raman spectrum and obscures other contributions. If not directly visible on the sample, this kind of sample damage can be detected indirectly in the Raman spectrum by noting an unusual rise of a wide doublet peak around 1,500 cm Ϫ1 (31) . An average of 64 spectra were collected for each treatment.
Data processing. All spectra were normalized in MATLAB (v2012a; The MathWorks, Inc., Natick, MA) and baseline corrected using OPUS software (Bruker Optics, Billerica, MA). Normalization of Raman spectra is necessary to remove variation of the Raman signal caused by differences in the focal volumes among samples (32) . Initially, statistical analyses were performed with Raman spectra normalized using vector normalization, because this method is relatively unbiased toward any single band or group of bands that could possibly be affected by changes in the bacterial phenotype (32). A separate study was then performed in which multiple procedures for spectral normalization were applied and compared. Details are given in Results. All spectra were baseline corrected using the Concave Rubberband correction method, available in OPUS software, with 20 iterations and 64 baseline points.
Chemometric analysis. The chemometric analysis was performed using MATLAB (v2012a; The MathWorks, Inc., Natick, MA). Chemometric analysis was primarily conducted by linear discriminant analysis with processed Raman spectral data. Different methods of data normalization were investigated and are discussed in Results. Discriminant analysis was used to build a statistical model that (i) requires input of Raman spectra of an E. coli culture exposed to an antibiotic compound and (ii) returns the class of antibiotic that elicits the phenotypic response represented by the input spectra. Thus, discriminant analysis was used to predict a classification variable (X) (e.g., antibiotic class, such as protein synthesis inhibitor, etc.) based on measured responses (Y) (e.g., band intensities in Raman spectra of an exposed culture). Discriminant analysis determines the distance from each point of the data set to the multivariate mean of each class and then assigns the point to the closest class (33) . Essentially, discrimi- 12.57 (16) No antibiotic treatment (control) None None nant analysis is divided into two steps: (i) to build (i.e., "train") a model (i.e., classifier) using Raman spectra of cultures exposed to antibiotics of known class assignments, and (ii) to classify (i.e., predict the class of) a new Raman spectrum of an antibiotic-exposed culture based on the distance to the multivariate mean of the closest class. Two class assignment schemes were used with discriminant analysis to achieve the following two distinct objectives.
(i) Identify the class of an antibiotic eliciting the observed phenotypic response. Antibiotics were grouped into classes based on the overall effects on phenotype according to known mechanisms of action (1). The class designation for all antibiotics used in this research is given in Table 1 . In this case, the developed discriminant analysis model classified Raman spectra according to antibiotic class.
(ii) Identify individual antibiotics that elicit a phenotypic response closely related to the observed. In this case, antibiotics were not grouped according to class, and the discriminant analysis model was trained to classify Raman spectra according the individual antibiotic treatments. This approach proved to be particularly useful when the tested antibiotic exhibits multiple mechanisms of action.
RESULTS
Raman spectroscopy can detect changes in E. coli phenotypes caused by various antibiotics. Raman spectra of E. coli cultures consist of bands that correspond to all biomolecules present in culture. Examples are shown in Fig. 1 . These bands represent both chemical and physical signatures of molecular structures. The tentative band assignments are shown in Table 2 . A lateral shift in the position of a peak reflects a biochemical or biophysical change in the phenotype caused by antibiotic treatment. In addition, a change in the intensity of a particular peak (i.e., peak height) reflects a change in the abundance of the biomolecule represented by that peak. However, variation in peak intensity may also result from differences in the focal volumes among samples. This variation is not related to phenotypic changes caused by antibiotic treatments and must be removed to ensure the analysis is independent of different sample densities and geometries (32) . Removing, or at least significantly reducing, this undesired variation is achieved through normalization of Raman spectra to a specific peak or set of peaks. The effect of spectral normalization is also illustrated in Fig. 1 . The averages and standard deviations for 131 independently collected spectra of the control E. coli culture (i.e., not treated with antibiotic) are shown before and after normalization ( Fig. 1a and  b ). Before normalization (Fig. 1a) , greater variation in spectral intensity is indicated by the prominent standard deviation spectrum with relatively high intensity peaks. This variation was largely removed upon normalization (Fig. 1b) . Sample variation can also arise from various background signals originating from fluorescence of the sample or thermal fluctuations on the signal detector (32) . To minimize the effect of this variation, background signal was removed through baseline correction (Fig. 1c) .
E. coli cultures treated with antibiotic at 3ϫ MIC, prior to analysis by Raman spectroscopy, continued to grow at a lower rate than the wild type, as was evident by OD 600 measurements following 30 min of antibiotic exposure (data not shown). This slowedgrowth response was desired, since the goal was to examine the phenotypic effects of the antibiotic without killing the cultures or arresting growth completely. The phenotypic effects of each of the antibiotics used in this research were evident in the Raman spectra of treated E. coli cultures. Normalized and baseline-corrected spectra are shown in Fig. 2 . Raman spectroscopy was sensitive enough to detect variations among and within antibiotic classes. For example, the average spectra of the three cultures treated with cell wall synthesis inhibitors were different from each other (Fig.  2a) . At the same time, the average spectrum of all cell wall synthesis inhibitors was different from the average spectrum of other antibiotic classes (Fig. 2e) . Due to the complexity of the Raman spectra of E. coli cultures, it is difficult to analyze the effects of antibiotics by comparing changes in individual Raman bands. Instead, chemometric analysis is more suitable because it provides a method to compare changes to the Raman spectra as a whole. Chemometric analysis was employed to leverage the sensitivity of Raman spectroscopy in order to develop a statistical model capable of predicting the phenotypic effects of an unknown antibiotic.
Chemometric method development: can Raman spectroscopy data be used to discriminate among multiple E. coli phenotypes resulting from different antibiotics? In this section, the development of the chemometric approach to utilizing Raman spectroscopic data for phenotypic profiling E. coli cultures according to antibiotic treatment is discussed. The developed chemometric approach is used in subsequent sections to build a predictive statistical model capable of identifying the phenotypic effects of unknown antibiotic agents. Before the predictive model was developed and utilized, it was first necessary to establish the ability of Raman spectroscopy with chemometrics to discriminate among the multiple E. coli phenotypes that result from treatment with different antibiotics. To achieve this goal, the ability to discriminate E. coli phenotypes based on (i) the class of antibiotics and (ii) individual antibiotics (even among those belonging to the same class) was investigated.
(i) Raman spectrum discrimination based on the class of antibiotic treatment. E. coli cultures exposed to different antibiotics Table 1 .
( Table 1) were analyzed by Raman spectroscopy. Discriminant analysis was applied to the normalized and baseline-corrected Raman spectra in an attempt to discriminate according to the class of antibiotic applied. Initially, discriminant analysis was performed on the Raman spectra in three ways: (i) using the band intensity values from the full biologically relevant spectral region from 600 to 1,800 cm Ϫ1 and from 2,800 to 3,100 cm Ϫ1 (this approach is referred to as FR-DA), (ii) using band intensity values for the reduced number of biologically relevant Raman bands listed in Table 2 (this approach is referred to as R-DA), and (iii) using a specified number of principal components (PCs) calculated from principal component analysis of the band intensity values from the entire Raman spectrum (600 to 3,200 cm Ϫ1 ) (this approach is referred to as PC-DA). Principal component analysis is a multivariate statistical technique that is often used to analyze spectroscopic data, because the number of variables of interest (i.e., peaks or intensity at each wavenumber) can be in the thousands (32) . It reduces the dimensionality of the data (i.e., the number of variables) while preserving variance among treatment groups (34) . Each of the three approaches was used to discriminate the Raman spectra of treated cultures according to antibiotic class. The quality of the discriminant analysis models (i.e., their ability to correctly classify spectra according to antibiotic class) was validated using the "leave-one-out" cross-validation method. This means that Raman spectra were removed, one spectrum at a time, from the training data set used to build a classifier model. The model was then used to classify the removed spectrum. Thus, leave-oneout cross-validation provides an unbiased estimate of the ability of the classifier model (35) . The percentages of all analyzed samples classified correctly (i.e., classified into the same antibiotic class as that applied to the culture) are shown in Table 3 . PC-DA proved the best at discriminating cultures according to antibiotic class, with an 83.6% correct classification rate. With five classes of antibiotics tested (including the control with no antibiotic treatment), the probability of correct assignment at random is 20%. Discrimination results for PC-DA are visualized in the three-dimensional canonical plot shown in Fig. 3a . The canonical plot shows the location of each point relative to the multivariate means of each group. The ability of Raman spectroscopy and discriminate analysis to distinguish among E. coli cultures based on antibiotic class is evident in this figure. As expected, increasing the number of PCs included in the analysis increased the percentage of spectra classified correctly. However, beyond ϳ50 PCs, no additional improvement was observed (Fig. 3b) .
(ii) Raman spectrum discrimination based on specific antibiotic treatment. In this part of the analysis, discriminant analysis was performed without grouping Raman spectra according to antibiotic class. In this approach, discriminant analysis was used to classify Raman spectra according to individual antibiotic treatments. Again, PC-DA was found to be superior to FR-DA and R-DA for this task ( Table 3 ). The percentage of samples classified correctly was 71.3% for PC-DA, 47.8% for FR-DA, and 45.0% for R-DA. With 15 antibiotics tested and the untreated control, the probability for correct assignment at random is 6.3%. Although PC-DA discriminated individual antibiotics with 71.3% accuracy, it was hard to visualize the discrimination on a three-dimensional plot due to the large number of groups (15 antibiotics) that need to be represented on one plot. To visually demonstrate the ability to discriminate based on individual antibiotics, PC-DA was performed on each antibiotic class individually; results are shown in Fig. 4 . The percentage of correct classification for each antibiotic a The analysis was performed using the (i) full biologically relevant spectral region (FR-DA), (ii) Raman bands listed in Table 2 (R-DA), and (iii) principal components (PCs) of the full spectrum (PC-DA). b Performed using the first 50 PCs, which preserved 83.4% of variance in the original data. c The probability of correct classifications by random assignment. Table 1. class is indicated on the corresponding figure panel. Note that the percentage of correct classification for each antibiotic class reported in Fig. 4 is much better than the overall correct classification reported in Table 3 . This is because Fig. 4 shows the results of discriminant analyses performed separately on each antibiotic class. Table 3 reports the results of discriminant analysis performed on the 15 antibiotics all at once. Discriminant analysis results demonstrate the ability of Raman spectroscopy to profile antibiotic-induced E. coli phenotypes according to both the antibiotic class (Table 3 and Fig. 3 ) and the individual antibiotic treatment (Table 3 and Fig. 4 ). This result is consistent with previous studies; however, in this research, the number of antibiotics examined simultaneously was significantly larger. The library of Raman spectra from E. coli phenotypes induced by the 15 well-characterized antibiotics represents the beginning of a database of phenotypic profiles against which the profiles of putative drugs can be searched and compared. In the next section, the utility of this Raman spectroscopy-based phenotypic profiling approach is demonstrated through its use to predict the mechanism of action of well-characterized antibiotics that were not used to build the model.
Chemometric method validation by identifying the phenotypic response of E. coli to antibiotics unknown to the classification model. The results presented thus far have demonstrated the ability of Raman spectroscopy and discriminant analysis to distinguish among E. coli phenotypes caused by treatment with different classes of antibiotics and even among antibiotics belonging to the same class. However, it is worth noting that the discriminant analysis models were built using spectra representing all antibiotic treatments (i.e., the model training data set included spectra representing all antibiotic treatments except a single spectrum used for model validation). This methodology is consistent with previously published studies and is the accepted methodology for training and validating discriminate analysis results (36) . However, the question remains, can Raman spectroscopy with discriminant analysis identify the phenotypic effects caused by a Table 1. new antibiotic compound completely unknown to the model (i.e., the model training data set does not include spectra representing the new antibiotic)? This question is addressed in the following sections by evaluating the ability of Raman spectroscopy with discriminant analysis to (i) identify the class of an unknown antibiotic compound and (ii) identify individual antibiotics that elicit a phenotypic response similar to that of the unknown antibiotic compound.
(i) Identifying the class of an unknown antibiotic. Raman spectroscopy with discriminant analysis was used to identify the functional antibiotic class of several unknown antibiotics (i.e., they were excluded completely from the model training data set). In other words, the methodology described above was applied to identify the phenotypic effects of a new antibiotic compound given the Raman spectra of the treated cells. To achieve this goal, Raman spectra of cultures treated with each of the 15 antibiotics used in the study were individually considered unknown. Systematically, Raman spectra of cultures treated with these antibiotics were excluded, all spectra for one antibiotic at a time, from the training data set used to build the discriminant analysis classifier model. In this approach, a new discriminant analysis model was created for every case. Thus, the data set used for model training did not contain any spectra representing the excluded antibiotic. The new discriminant analysis models were then used to classify Raman spectra of E. coli cultures exposed to the unknown antibiotic. This approach should not be confused with the leave-one-out cross-validation often used to evaluate discriminant analysis. In the validation approach used here, the complete set of spectra from the antibiotic in question was removed from the training set. With the leave-one-out cross-validation method, only one spectrum was removed at a time, leaving other spectra belonging to the same antibiotic. The percentages of correct antibiotic class identification for Raman spectra of unknown antibiotics classified using R-DA and PC-DA are listed in Table 4 . Chloramphenicol is used as an example to further explain the results given in this table. First, all Raman spectra from the E. coli culture treated with chloramphenicol were removed from the discriminant analysis model training data set. A new discriminant analysis model was built using the spectra from all other antibiotics (and the untreated control) as the training set. Separate models were constructed using R-DA, PC-DA with 50 PCs, and PC-DA with 9 PCs (the choice of 9 PCs is explained below). Second, following training, R-DA and PC-DA models were used to classify the Raman spectra obtained from the chloramphenicol-treated culture. All three models correctly classified these spectra as resulting from an antibiotic that inhibits protein synthesis with 89.8% (for R-DA), 93.9% (for PC-DA with 50 PCs), and 93.9% (for PC-DA with 9 PCs) accuracy. The 49 Raman spectra were taken from the chloramphenicol-treated culture and analyzed by the classification models. This procedure was repeated for the other antibiotics (and control) used in this research.
The results reported in Table 4 suggest that the PC-DA method with 9 PCs is superior to RDA and PC-DA with 50 PCs in predicting the class of a new antibiotic (i.e., one not represented in model training). Initially, it was presumed that PC-DA with 50 PCs or higher would perform better, since this method was superior at discriminating samples with known class assignment (Table 3 and Fig. 3b) . However, when PC-DA was used to predict the class of Raman spectra from cultures treated with new antibiotics completely unknown to the model, it was evident that using 50 or more PCs did not produce optimum results. The relationship between the accuracy of PC-DA and the number of PCs used to build the model (not shown) revealed that prediction accuracy peaked at 9 PCs and then declined as more PCs were included. It is possible that including higher numbers of PCs in the PC-DA resulted in overfitting, a common problem of multivariate statistical analysis (36) . With a smaller number of antibiotics, the R-DA, which is based on using a selected number of biologically relevant Raman bands, produced the best prediction results. However, as the number of antibiotics and complexity of the data set increased, R-DA did not perform as well, as shown in Table 4 . Overall, PC-DA with 9 PCs was 57.5% accurate at determining the antibiotic class of unknowns. Raman spectra of phenotypes resulting from treatment by chloramphenicol, clindamycin, gentamicin, streptomycin, tetracycline, and kanamycin were all classified correctly as protein synthesis inhibitors, with an average of 76.1% accuracy. The average prediction accuracies for other antibiotic classes were 59.9, 49.9, and 26.5% for DNA, RNA, and cell wall synthesis inhibitors, respectively.
While the results given in Table 4 provide a convenient way to assess the overall performance of the discriminant analysis model, it does not provide access to all information that can be learned from the model classifications. For example, results in Table 4 show that only 47.8% of the Raman spectra of cultures treated with ciprofloxacin were classified correctly as DNA synthesis inhibitors when using PC-DA with 9 PCs. However, another representation of the data is shown in Fig. 5 and reveals additional details of this classification. When considering the detailed classification result shown in Fig. 5g , it was found that the dominant classification count for ciprofloxacin was for the correct class (i.e., DNA synthesis inhibitors). Similarly, the prediction accuracy for amoxicillin and cefotaxime were found to be 41.0 and 38.6% (Table 4), respectively. This seems low given that the random classifier accuracy (with no model) is 20%. However, the highest prediction counts for these two cell wall synthesis inhibitors were in the correct class (Fig. 5j and l) . Prediction accuracy was not as good for the third cell wall synthesis inhibitor, ampicillin, which was consistently predicted as a DNA synthesis inhibitor. Poor prediction results also persisted for the rifampin-induced phenotype, which was consistently seen by the model as a phenotype with no antibiotic treatment. This result is clearly wrong but points to some interesting observations. First, the phenotypes induced by ampicillin and rifampin must be significantly different from those induced by other antibiotics of their respective classes. This suggests that the designation of antibiotic class needs to become more specific, or that there are critical members of each antibiotic class that must be included in the model to cover all potential resulting phenotypes. Furthermore, the model consistently recognized that the rifampin-induced phenotype was different from the phenotypes caused by other antibiotics. Results shown in Fig. 2, 3 , and 4
suggest that Raman spectroscopy was sensitive enough to distinguish rifampin-induced phenotypes from the control phenotypes. Taking these results together, it is reasonable to conclude that the quality of prediction was limited by data processing and chemometric analysis and not the sensitivity of Raman spectroscopy. As the data set of antibiotics continues to grow with future implementations, these occurrences will become fewer.
(ii) Identifying individual antibiotics that elicit a phenotypic response similar to that of the unknown antibiotic. PC-DA was used to classify Raman spectra of cultures treated with antibiotics unknown to the model according to individual antibiotic treatment rather than antibiotic class. By doing so, PC-DA identifies the individual antibiotic that elicits a phenotypic response closest to that of the unknown antibiotic. Details of the PC-DA antibiotic-based classification results are shown in Fig. 6 . Results presented in Fig. 6a suggest that the phenotypic effects of chloramphenicol on E. coli Table 1 .
are predominantly similar to those caused by clindamycin, gentamicin, kanamycin, tetracycline, and streptomycin. Since all five identified antibiotics are protein synthesis inhibitors, it can be concluded from the modeling exercise that chloramphenicol also acts by inhibiting protein synthesis. Indeed, it is well known that chloramphenicol is a lincosamide antibiotic that inhibits protein synthesis (1) . The discriminant analysis classification model used to produce these results had no prior knowledge from Raman spectra related to chloramphenicol treatment. In general, all protein synthesis inhibitors were predicted to have phenotypic effects similar to each other except for tetracycline, which was classified as producing a phenotype similar to that caused by chloramphenicol, amoxicillin, and cefotaxime ( Fig. 6a to f) . However, this result was consistent with the fact that tetracycline, although primarily a protein synthesis inhibitor, has damaging effects on the cytoplasmic membrane (37, 38) . It is also shown in Fig. 6g that out of the 69 acquired Raman spectra of E. coli cells treated with ciprofloxacin, (i) 33.3% (23/69) were classified as similar to nalidixic acid, a DNA synthesis inhibitor; (ii) 26.0% (18/69) were classified as similar to trimethoprim, also a DNA synthesis inhibitor; (iii) 17.4 (12/69) were classified as similar to ampicillin, a cell wall synthesis inhibitor; and (iv) 14.5% (10/69) were classified as similar to rifampin, an RNA synthesis inhibitor. Previous research has shown that although ciprofloxacin primarily inhibits DNA synthesis, it also affects various macromolecules, including RNA, and cell wall integrity (39) . Thus, these results suggest that the discriminant analysis classifier model also has the potential to recognize multiple mechanisms of action of putative antibiotic compounds. The discriminant analysis results also suggested that phenotypes induced by nalidixic acid and kanamycin treatment have characteristics similar to those caused by ampicillin. It has been reported that some quinolones and aminoglycosides disorganize the cell wall (40) . Clindamycin was ineffective against E. coli compared to other protein synthesis inhibitors used in this research, as indicated by the relatively high MIC (Table 1) . However, at 3ϫ MIC, clindamycin slowed E. coli growth significantly compared to the Table 1. control culture, as was evident in OD 600 measurements (data not shown). The clindamycin data also support the central hypothesis of this research: Raman spectroscopy can detect global phenotypic changes induced by an antibiotic compound regardless of mechanism or strength. Raman spectroscopy was able to detect the limited changes induced by clindamycin. In addition, chemometric analysis showed that the clindamycin-induced profile was most similar to those caused by other protein synthesis inhibitors. The fact that Raman spectroscopy was able to detect the changes induced by a weak antibiotic speaks to the exceptional sensitivity of this methodology. Furthermore, removing clindamycin from the analysis did not change fundamental findings and conclusions presented in this research. Impact of Raman spectrum normalization methodology on discriminant analysis results. The effects of Raman spectrum normalization methods on the classification accuracy of the PC-DA model were also evaluated. As discussed earlier, normalization removes intensity variation that is related to experimental setup and not actual sample variation. Four commonly used normalization methods were examined. These include (i) vector normalization and normalizing Raman signal intensities over an entire spectrum, (ii) the signal intensity of the phenylalanine band at 1,003 cm Ϫ1 , (ii) the signal intensity of the band at 1,450 cm Ϫ1 , which originates from CH x vibrations abundant in biomass, and (iv) the signal resulting from the C-H stretching vibration from 2,900 to 3,100 cm Ϫ1 . Prediction results using raw and normalized data are given in Table 5 . Without spectrum normalization, the lowest prediction accuracy (43.8%) was observed. The best results were obtained when Raman spectra were normalized using vector normalization. It is noted that the case for vector normalization can also be made since it is relatively unbiased toward any single band or group of bands that could be affected by changes in the bacterial phenotype. However, results using other normalization methods were not substantially different, which highlights the robustness of the Raman spectroscopy-based discriminant analysis model and its ability to compensate for experimental variation. It is noted that the experimental data analyzed in this research were obtained by the same instrument within a relatively short time frame. Comparisons made on data obtained from different instruments and time frames would likely show a larger influence of normalization method on classification accuracy.
DISCUSSION
The results of this research have shown that Raman spectroscopy with appropriate chemometrics is a powerful tool for profiling the phenotypic response of bacteria to antibiotics. This technique will have significant value to antibiotic drug development research. With the relatively diverse data set analyzed, the ability of Raman spectroscopy to profile the effects of an unknown antibiotic compound on the phenotype of an E. coli culture was demonstrated. First, it was shown that Raman spectroscopy data could be used to discriminate cultured samples based on antibiotic treatment. This was achieved by performing discriminate analysis on Raman spectroscopy data with results validated using the leave-one-out crossvalidation method. Second, it was shown that Raman spectroscopy with discriminate analysis could be applied to predict the phenotypic effects of a mechanistically unknown antibiotic compound on an E. coli culture. To demonstrate this capability, individual antibiotics were excluded from the model training data set and were tested as unknowns. In this approach, none of the spectra representing the excluded antibiotic were included in model building (32) . This more realistically mimics real-life situations where the discriminant analysis model will have no prior knowledge of the new antibiotic compound being examined. In several papers published on the topic of Raman spectroscopy-based classification of bacterial samples, discriminant analysis results are usually presented as evidence of the ability of Raman spectroscopy to classify individual samples into predetermined classes (19, 24, , the signal intensity of the C-H band at 1,450 cm
Ϫ1
, and the signal intensity of the C-H stretching vibration region at 2,900 to 3,100 cm
. b The probability of correct classifications by random assignment. 32, 41, 42) . These discriminant analysis results are often crossvalidated using the K-fold or leave-one-out method (32) . Crossvalidation (i) removes a subset of Raman spectra from the data set, (ii) reconstructs a discriminant model using remaining spectra, and then (iii) uses the model to predict the class of the removed spectra. This method of validation often produces positive results, because spectra from the class to which the removed sample belongs are still included in the model training data set. The critical question remains whether classification accuracy is as good for samples from a completely new antibiotic treatment not included in model training. For example, PC-DA with 50 PCs distinguished among cultures based on the class of antibiotic treatments with 83.6% accuracy estimated using leave-one-out cross-validation (Table 3 ). However, PC-DA with 50 PCs did not perform as well in predicting the class of new antibiotic (new to the model), with 48.0% overall accuracy (Table 4 ). In contrast, PC-DA with 9 PCs, which performed relatively poorly in the leave-one-out cross-validation (70.6%), performed better than PC-DA with 50 PCs when used to predict the group of unknown antibiotics, with 57.7% overall accuracy. Using a smaller number of PCs preserved the variance in the original data and was sufficient to develop a discriminant analysis model with good predictive capabilities. Using a smaller number of PCs (9 versus 50) also substantially reduced computation time. This is significant because computation time becomes a more critical issue as more antibiotics are added to the data set and chemometric analysis becomes more sophisticated.
Identifying the target and the mechanism of action of a putative antibiotic is difficult and time-consuming. The Raman spectroscopy-based phenotypic profiling system can aid this process by revealing important information about the phenotypic effects of the mechanistically unknown antibiotic compound. This information can be used to generate testable hypotheses and will further inform the search for the mechanism of action and cellular target(s) of the putative antibiotic compound. Indeed, as more antibiotic response profiles are added to the database, the accuracy and usefulness of the Raman spectroscopy-based phenotypic profiling system will improve. In addition, this database not only can become more diversified by adding data from additional antibiotic treatments but also has the potential to be expanded by including other microbial strains.
